The temporal dynamics of vegetation biomass are of key importance for evaluating the sustainability of arid and semiarid ecosystems. In these ecosystems, biomass and soil moisture are coupled stochastic variables externally driven, mainly, by the rainfall dynamics. Based on long-term field observations in northwestern (NW) China, we test a recently developed analytical scheme for the description of the leaf biomass dynamics undergoing seasonal cycles with different rainfall characteristics. The probabilistic characterization of such dynamics agrees remarkably well with the field measurements, providing a tool to forecast the changes to be expected in biomass for arid and semiarid ecosystems under climate change conditions. These changes will depend-for each season-on the forecasted rate of rainy days, mean depth of rain in a rainy day, and duration of the season. For the site in NW China, the current scenario of an increase of 10% in rate of rainy days, 10% in mean rain depth in a rainy day, and no change in the season duration leads to forecasted increases in mean leaf biomass near 25% in both seasons.
ecohydrology | stochastic dynamics | vegetation modeling | climate change impacts | soil moisture I n arid and semiarid ecosystems, successful use of limited water resources is of central importance in determining the evolutionary trends of vegetation. Soil moisture there is the principal limiting factor for vegetation restoration and plays a key role in controlling the spatiotemporal patterns of vegetation regulating the complex dynamics of the climate-soil-vegetation system (1, 2) .
Characterizing the vegetation in water-limited ecosystems, with regard to quantity, species composition, and stability, is a long-standing problem in restoration ecology (3) . Field surveys and different types of measurements have been taken for decades (4) , but they have mostly yielded only descriptive results [e.g., links between soil moisture and accompanying biomass (5)].
Schaffer et al. (3) recently developed an analytical description of the transient joint behavior of plant biomass and soil moisture induced by stochastic rainfall dynamics. These analytical results allow for predictions of ecosystem behavior under changing climate conditions and also illuminate the sensitivities of the dynamics to plant physiology, as well as to climate and soil characteristics that govern the system. The objective of this study is first to test the accuracy of the analytical model under current conditions by comparing its predicted distribution for the biomass density in both the wet and dry seasons with the statistics observed in a long-term field experiment in northwestern (NW) China. Subsequently, using the climate change forecast of the field site, predictions will be made for the seasonal mean biomass and its variability in the future.
Ecosystem Characteristics: Climate, Soil, and Vegetation Long-term detailed measurements of vegetation dynamics were carried out at the plant level in four plots located at the Shapotou Desert Research and Experiment Station in NW China. Meteorological 60-y records at the station provide an adequate characterization of the rainfall dynamics at the site. The mean annual rainfall is 182.6 mm, of which 82% falls in the rainy season (May 1-September 30) with an observed range between 60 mm and 270 mm and a SD of 57.1 mm. The mean rainfall during the wet season is 149.1 mm and during the dry season is 33.5 mm, with SDs of 51.5 mm and 16.9 mm, respectively.
The arrival of rainfall events is modeled as a Poisson process in which the rate λ0 (d −1 ) is constant over the course of a season, but varies between seasons. After accounting for interception (which acts as a censoring process), the rainfall arrival rate is transformed into the infiltration arrival rate λ (2); λ inherits the seasonal characteristics of λ0, namely constant intraseason and variable interseason values.
The temporal structure within each rainfall event is ignored, with all water modeled as arriving in an instantaneous pulse with random depth. For values of the arrival rate typical of waterlimited systems (such as those here), it will be rare for such a process to produce multiple arrivals in a given day, and so the continuous-in-time Poisson process can be correctly understood at the discrete daily scale. In this case, λ0 (d −1 ) represents the probability of having rain on a given day, and the distribution of rain depth during a pulse arrival is equivalent to the distribution of rain depth on any rainy day (6); in particular, this distribution is taken to be exponential with mean a (2). The fluctuations of λ0 and a for both seasons at the site for the period 1956-2015 are shown in Fig. S1 .
A detailed description of the field site, its climate, soil, and vegetation is given in Field Site and Vegetation. Based on the analysis
Significance
The temporal dynamics of vegetation biomass are of vital importance for evaluating the sustainability of arid and semiarid ecosystems. Field observations indicate that soil moisture and plant biomass fluctuate stochastically with the occurrence of rainfall events. Based on long-term field observations, we find that the dynamics of the vegetation biomass can be quantified by their analytically derived time-dependent probability distribution. This allows for the study of the impact of climate change scenarios on vegetation cover and plant water resource competition. It is found that in a restored desert ecosystem in northwest (NW) China, the growing season leaf biomass is expected to increase by nearly 25% compared to the present. of the meteorological data, the mean rainfall arrival rate, λ0, in the wet season is 0.231 d −1 . For the dry season it is 0.073 d −1 . The mean daily rainfall depth for a wet day in the wet season is 4.2 mm, and for the dry season it is 2.1 mm (Table S1 ).
The dominant vegetation is the drought-tolerant shrub Artemisia ordosica; photographs of the broader site and this shrub in particular are shown in Fig. 1 . Field measurements to estimate the biomass at the end of each season as well as the different plant and soil parameters needed in the analytical computations are described in Methods. The values of the climate, soil, and plant parameters are reported in Tables S1 and S2 .
The Theoretical Model. The temporal evolution of vegetation biomass per canopy area B may be described by the differential equationḂ
where β is the per-unit biomass loss rate, α is the non-waterlimited per-unit assimilation rate, and η is an inhibition function that captures the dependence on water availability for transpiration and assimilation, both modulated by the stomata. In our previous work (3, 7) , B has denoted various plant tissue types, but here we are modeling only the leaf component of the vegetation. (Details on the derivation of these dynamics, especially the resolution of and interaction between different tissue types, are given in Theoretical Model.) This equation requires a description of the dynamics of water availability for closure, which are provided specifically by a water balance equation for the root zone of the vegetation:
Ar n Zr dS dt = −Em ρ η Ac B + Ar I .
[2]
The left-hand side above gives the rate of change of the water volume in the soil. Ar is the root coverage area (i.e., the amount of land surface area with roots beneath it) within the measurement plot, n is the soil porosity, and Zr is the rooting depth, so that the product Ar n Zr is the pore space volume available to store water in the root zone; and S , the relative moisture content, is the fraction actually occupied by water. On the right-hand side, the depth of rain entering the soil per unit time I is multiplied by the root area to give the volumetric input; output (i.e., loss) Em ρ η Ac B represents transpiration: The weight of leaf biomass per canopy area B is multiplied by the canopy area of the plot Ac to give the total leaf weight in the plot; this in turn is multiplied by the leaf area per weight constant ρ to give the total plot leaf area; the result is multiplied by the transpiration rate per unit leaf area, given as a maximum rate Em times the same water limitation factor η that appears in the assimilation rate, which we now write explicitly as a function of soil moisture η(S ), as in Eq. S28. Rearranging yieldsḂ
where γ = (Ac/Ar )(Em ρ/nZr ) and I is given as units of soil storage fraction per time. The values for the derived parameters are given in Table 1 . The stochasticity of this infiltration process, with arrival rate λ and a rescaled mean infiltration depth 1/θ (again, expressed as a fraction of the root zone water storage volume), induces a probability density function (pdf) on the biomass-soil moisture state space. Schaffer et al. (3) showed that for constant rainfall parameters this system allowed for an exact, closed-form steady-state pdf, but also, in recognition of the fact that convergence to this state might take longer than the length of a typical (constant parameter) season, derived an approximation of the system's transient behavior. This approximation exploits the fact that biomass varies on a much slower timescale than soil moisture, so that changes in biomass on an interval of interest (such as a season) involve an integration that tends to average out the soil moisture fluctuations in that interval, allowing for a simple estimation of the marginal pdf of biomass. Formally, this estimate is obtained by settingṠ = 0 in the above system, and substituting the soil moisture equation into the biomass equation yieldṡ
so that each unit of infiltrating water is converted immediately to biomass (hence the name given in ref.
3, "no-storage limit") Table 1 . Values of the reduced plant, soil, and climate parameters needed to specify the joint dynamics in Eqs. 3 and 4 and the "no storage" dynamics in Eq. 5 and appearing also in Eqs. 6 and 7 with the conversion ratio-essentially a water use efficiency-of α/γ. This single equation is obtained exactly in the parameter limit where (for given efficiency) the transpiration and assimilation coefficients in the system of Eqs. 3 and 4 are taken to be arbitrarily large, and so it can be considered merely as a simplified, albeit convenient, governing equation for a subset of the parameter space, which is largely how it was discussed in ref. 3. However, this limit has an alternate (and more meaningful) interpretation. The biomass dynamics certainly depend on the availability of water, which may be characterized by the average root zone soil moisture S as in Eq. 3; this assumes that the transpiration does not depend on the distribution of moisture, so that a single hydrological state variable is sufficient, and the system is closed using the water balance Eq. 4 as discussed. An alternative approach is to note that, for the given (constant) water-tobiomass conversion ratio, each storm represents an injection of potential biomass, and the problem is to determine the amount of it that will be realized and when. The amount is determined by the assumption that, postinterception, all water infiltrating the root zone will be transpired, which is equivalent to saying that transpiration dominates leakage and evaporation within the root zone. The timing of this transpiration is assumed instantaneous, which reflects the fast nature of the soil moisture variations relative to those of the biomass. These two assumptions allow the dynamics to be resolved by a single state variable as in Eq. 5, without assumptions on the distribution of the root zone soil moisture. Thus, Eq. 5 represents not just a simplification of the two-state-variable model, but also an alternate closure condition.
Parameters
The theory for the underlying dynamics is further elaborated in Theoretical Model.
Analysis
Comparison of Field Measurements with Analytical Results. The modeling approach described above is used to examine the biomass response to an alternating regime of wet and dry seasons, as found at the study site. Schaffer et al. (3) showed that for typical dryland parameter values, the end-of-season biomass would be significantly different from that of the constantparameter steady state (a similar calculation is performed in ref.
8). The system did not have time to adjust to a given season before it ended and the wet-dry cycle started over again. This was also confirmed for the site specifically (Fig. S2) . Thus, it is the transient results of ref.
3, corresponding to Eq. 5, that form the departure point for the analysis here. The equations describing the pdfs of biomass at any particular time in a wet or dry season and after a given number of consecutive seasonal-annual cycles have taken place are given in Eqs. S18-S21 and plotted in Fig. 2 for the site.
After infinitely many such cycles, the system will have converged to a "seasonal" steady state, where the statistics depend on the point in the year at which measurements are made (i.e., end of wet season, end of dry season), but not on the year in question. Fig. 2 also addresses the question, How long does it take for the seasonal regime to establish itself? This will necessarily depend on the initial state, because a more extreme state will persist for a longer time, but the steady-state distribution provides a useful baseline. To be explicit, suppose the system were exposed to wet (or dry) season conditions for an infinitely long time, allowing it to equilibrate to a sort of upper (or lower) bound on the vegetation state. How many dry-wet cycles will it take to effectively converge from these reference levels? Explicit formulas for the convergence of the moments are given in ref. 3 and in Eqs. S22-S24, but it is clear graphically from Fig. 2 that the impact of the alternating regime is well established after about 3 y and so beyond this point the seasonal steady state can be said to prevail. The mean and variance of the seasonal steadystate distributions are especially informative and their analytical expressions are given here in Eqs. 6 and 7. The quantities 
, (·) ∈ {d , w , a} can be understood as decay factors, respectively per dry season, per wet season, and per annum, indicating the tendency of each epoch to "wash out" information about the biomass at its start. Note that if (e.g.,) the wet season length were taken to be infinitely long, the end-of-wet season moments would be unaffected by dry season parameters, because any influence initially provided by the dry season would be lost over time:
[7]
Using the parameter values in Table 1 Table S3 for each of the four plots used in this study.
The mean and SD of the biomass at the end of the wet season estimated using all four plots and their different years of measurements are µw = 185.0 g·m −2 and σw = 37.6 g·m −2 , which are both remarkably close to those analytically predicted. (The estimate of the variance is in fact a slight underprediction due to the correlation between measurements made in successive years, although this effect is largely negligible. See Methods for details.) The slight overprediction of the variance is to be expected, as the no-storage model removes any temporal buffering effect the soil might have on the rainfall process; a water storage capacity within the plant tissues would also have a buffering, variancereducing effect not captured by our model. Fig. 3 compares the cumulative distribution function of the leaf biomass data at the end of the wet season with that resulting from the theoretical distribution describing the seasonal steady state at that moment. Again, there is a remarkable agreement between the theory and the data. There were no previous measurements of biomass at the end of the dry season and thus we performed individual biomass measurements in each of 22 well-established shrubs located in a different 10-m × 10-m plot at the end of April 2016. The observed results of leaf biomass per unit canopy area at the end of the dry season are shown in Table S4 . Because only a single year of dry season data is available, we cannot compute meaningful statistics or form the empirical distribution function. Whereas there is some variability from shrub to shrub, this is not attributable to random hydrological forcing, because each shrub in a small spatial area such as the plot is driven by the same rainfall process. Still, the single-year mean plot biomass may be computed, resulting in µ d = 68.4 g·m −2 , which, perhaps fortuitously, is quite close to the predicted value. Additionally, the interplant variability (which indicates both speciesinherent and spatial variability) can be compared with the predicted variability induced by the intermittent rainfall model to determine the relative size of these effects; in Methods, we show specifically that interplant contribution to the total variance is small.
The soil moisture was not a major focus of this study, and measurements are not currently available, but because the methodology of ref. 3 provides for it (Eqs. S26-S29), as a final item we compute the theoretical predictions of the soil moisture distributions that correspond to the end of season biomass states discussed above. These are shown in Fig. 4 . Both seasons are characterized by very dry soils (with an overwhelming probability of being at less than 20% saturation), although end of wet season moisture content is higher. This is again indicative of the difference between the seasonal steady state and the "true" steady state, because infinitely long seasons would balance the change in rainfall with a change in transpiring biomass, resulting in the same mean soil moisture for either season.
Impact of Climate Change on Biomass and Soil Moisture Dynamics.
The theoretical framework described above allows us to study the impact of climate change on the leaf biomass dynamics arising from changes in the vegetation or climate characteristics. We assume that the type of plants at the site under analysis remains the same and that climate will follow the scenario described in the recent study of Gao et al. (9) , which finds a likely increase in the total annual rainfall at the site between 10% and 25%. We also assume that most of the impact on biomass will arise from changes in the rainfall dynamics that in the modeling framework are controlled by the rate of arrival of wet days in each season (λ0), the mean rainfall depth in a rainy day in each season (a), and the seasons durations (T). The climate scenario to be studied retains the same length of seasons and increases by 10% the λ0 and the a values for each season. This leads to a total annual rainfall of 219 mm, which is about 21% above the present conditions and in the range found in the climate change study (9) . The interception loss is assumed the same (∆ = 1 mm). Many other combinations of changes between λ0s, as, and Ts could also be studied and this topic is being pursued for a number of regions throughout the world. Fig. 5 shows the seasonal steady-state pdfs for biomass at the end of the wet and dry seasons under the conditions of the new climate scenario. They should be compared with those in Fig. 2 Fig. 4 ; the additional rainfall predicted under climate change is largely offset-from the point of view of the soil water balance-by the larger amount of transpiring vegetation. Thus, the first-order effects of climate change would be on the vegetation, with the soil moisture experiencing second-order effects.
Finally, we point out that these predictions ostensibly address the biomass and soil moisture properties that would occur if the climate change scenario prevailed in place of the current one. We have not explicitly discussed the (temporally structured) transition from one regime to another, but in practice this distinction is of little consequence. The characteristic biomass adjustment timescale is on the order of 1/β (with full adjustment even from a relatively extreme state occurring in <3 y, as in Fig.  2 ), whereas the climate is predicted to change on the decadal scale, so the biomass at future times will tend to stay well adjusted to the climate at those times; e.g., Eqs. 6 and 7 for the mean and variance in a given year would be well determined by using the parameters prevailing in that year, the longer history being "forgotten" by the biomass process before the climate could change very much. However, we may add the caveat that the biomass considered here is the leaf biomass; the dynamics of seed germination/new plant emergence and wood growth might occur on timescales comparable to the climate change timescale.
Discussion
The analytically derived mean and SD of leaf biomass at the end of the wet season matches very closely with those measured in the field. Our single year of dry season data are also consistent with the data, although by itself it does not permit a good estimate of the distribution. Moreover, the analytical cumulative distribution of leaf biomass at the end of the wet season also agrees very well with the long-term data. This close agreement gives confidence to the values predicted under the climate change scenario studied for the site. In the wetter conditions considered in the scenario the mean biomass at the end of the wet season is 24% larger than the present one. For the dry season the change in mean biomass is 25%. The predicted increase in leaf biomass is thus very significant and carries important consequences for the structure of the ecosystem and for the future reforestation of other sites in the region. The predicted increase in the SD of leaf biomass is about 17% for each season and thus the coefficient of variation is reduced by near 6% for each season. The above predictions are assuming that the increase in total rainfall results from an increase of 10% in both λ0 and a for both seasons and that the duration of the seasons as well as the plant characteristics remain the same. Other scenarios can also be studied. If one wished to study a scenario where λ0 and a remain the same and the 21% forecasted increase in annual rainfall results from an increase of 30.4% in the duration of the wet season, the predicted biomass at the end of the wet or dry season would be 205.0 g·m −2 and 84.3 g·m −2 , respectively, which is quite different from that under the scenario considered here. This illustrates the importance of understanding the statistical structure of the rainfall and not just its mean values. We emphasize that this structure affects not only the shape of the biomass distribution (i.e., its higher-order moments), but also the mean biomass value; the nonlinear, threshold-type nature of the interception results in a greater fraction of water reaching the root zone when the mean rainfall depth increases, so that the mean biomass increases superlinearly (hence the 24% predicted increase with a 21% increase in annual rainfall, as discussed in the previous section).
Methods
Field Observations of the Desert Shrub Ecosystem. Four experimental plots of 10 × 10 m 2 -identified by the year when revegetation was initiated-were studied in regard to their changes in plant biomass throughout the years. The shrub canopy projection area was calculated by taking the longest and shortest diameters through the center of the fullest part of the canopy. The biomass per unit canopy projection area at the end of wet season is calculated from a site-specific previously established empirical relationship between leaf biomass and canopy projection area (10, 11) . This characterization was carried out at the individual plant level for the four plots in the years between 1981 and 1998. The percentage of the canopy coverage over the total area of the plot is the sum of the canopy areas divided by the plot area. No similar data were available for biomass at the end of the dry season. Thus, a preliminary estimation was carried out in this case for 2016. The biomass at the end of the dry season of the year 2016 was estimated by direct harvesting of one plot (10 × 10 m 2 ) outside the long-term vegetation-monitoring plots because such a harvesting method is prohibited in those plots. With the measured leaf biomass and from the canopy projection area we calculate the leaf biomass per unit area of canopy coverage (10, 11) . The measured biomass per unit canopy area and the canopy coverage area at the end of the wet season for the period 1981-1998 are given in Table S3 for all four plots. The corresponding values at the individual shrub level corresponding to the end of the dry season in 2016 are given in Table S4 . The active root zone depth (Zr ) where over 90% of the roots are contained was measured by ditches to a depth of 2 m with a width of 0.5 m across the center area where the shrub grows. During this process observations were made of the root distribution. Saturated soil conductivity (Ks) was obtained via in situ infiltration measurements through a tension disk infiltrometer (12) .
Canopy interception loss (∆ = 1 mm) was estimated as the difference between open-field rainfall and throughfall (13) .
The transpiration rate (E) and photosynthesis rate (Pn) were measured on clear sunny days from the sunrise time at around 6 AM (local time) to the sunset time around 7 PM at time intervals of 1 h. Each measurement was taken on three mature shrubs. For each shrub, three labeled leaves from the top, middle, and low canopy positions were selected under nonwater-limited conditions. Using a portable Li-6400 gas analysis system, the uptake of CO 2 of each labeled leaf was estimated (Li-Cor Inc.) and leaf area of the labeled leaves was obtained using the Li-3000 area meter after the gas exchange experiment was concluded. Thus, the Pn and E per unit leaf area were then calculated. The maximum Pn and E needed for the analytical calculations were then determined from the hourly variations of Pn and E from 6 AM to 7 PM. Pn is the rate of the uptake of CO 2 per unit leaf area, and thus the net assimilation (Am) per unit leaf area is calculated by subtracting the weight of carbon from the total molecular weight of CO 2 on the basis of the maximum Pn. The maximum daily transpiration, Em and maximum daily net assimilation, Am are then scaled to the daily duration of transpiration and photosynthesis activities, which is estimated in 13 h for the study area.
The root respiration coefficient, Rr, the fraction of daily assimilation lost in respiration by roots per unit mass of roots, was calculated from root respiration rates (obtained using the portable Li-6400 gas analysis system) and dry root weights. The other plant traits, e.g., the specific leaf area (ρ), leaf mass ratio (f L ), growth yield (Yg), and senescence rate (q), were determined during the field survey (14) . More details about the procedures are given in Field Observations. The values of the parameters are shown in Table S2 .
Correcting the Variance. We have mentioned in passing two corrections to the variance that might arise, due to the variability between individual plants (i.e., a spatial correction), as well as to the interannual correlations of the measurements (i.e., a temporal correction). We address both types here and show that they are small.
We begin with the interplant variability. The most likely source of such variability in our model is that each plant may have a different value of the term α/γ, reflecting either variability in the efficiency of the plant (the amount of biomass realized per unit of water) or, more likely, variability in the horizontal spread of the root zone, which translates into a variability in the amount of water provided to the plant by each rainfall event. As shown in Eqs. S35 and S36, variability in this quantity scales the biomass of the corresponding plant by a fixed amount, but otherwise does not change its probabilistic behavior in time. If we let B 0 (t) denote the biomass corresponding to the values α/γ used previously, we can write for plant i
where Z i is the relative efficiency, now permitted to have a spread around the reference value (i.e., the mean value) of unity. Each measurement of biomass at a given point of time involves an averaging over np plants,
seen above to separate as a product of the average relative efficiency with the reference biomass (which is, to reiterate, the one corresponding to the efficiency value used throughout this paper). The total variance is obtained by conditioning on the value of the random variableμ Z , using the law of total variance (see Eqs. S35-S40 for details):
[10]
Here, σ 2 B is the analytical variance induced by the stochastic rainfall process. The second term in the parentheses is the fractional variance correction due the interplant variability, which depends on two new quantities: the variance of the relative efficiency σ We turn now to the temporal correction; because of the interannual correlations of the measurements, the standard estimate of the variance will be biased. In particular, because the correlations are positive, it will on average yield an underestimate. The standard estimator of the variance for n independent measurements X i iŝ
[11]
Taking the expectation of both sides gives
As shown in Eq. S33, the autocovariance between measurements i, j is p |i−j| a , where as before pa is a decay factor (Eqs. 6 and 7). Substituting and summing the resultant geometric series gives the result in Eq. 13, whence we see that the error is about 1% (with n = 14, using all data shown in Table S3 ):
Determining the Rainfall Parameters. As a final point, we address the question of how to accurately determine the rainfall parameters. The values used thus far were obtained by averaging over a relatively long time period, 1956-2015, whereas our biomass measurements were made over the shorter period 1981-1998, with the bulk of the measurements in 1989-1998 when all four plots were incorporated. To justify this, let us consider what would happen if we tried to determine the rainfall parameters from a more targeted time interval, e.g., the 10 y of 1989-1998. To be concrete, let us consider the determination of the wet season rainfall arrival rate λ 0,w . Suppose the true value were as estimated above, λ 0,w = 0.231 d −1 ; then we can compute the sampling error as follows. The variance over time T of the number of rainfall arrivals for such a Poisson process is If we made this estimate over 10 y of wet seasons, then T = 10 Tw , and we would find that σλ 0,w = 0.0123 d −1 , and so the size of the 2σ range would be 21% of the true value, which is rather large. Thus, in using the full rainfall history to estimate the parameters, we have made a tradeoff: We reduce this statistical imprecision of the determination, but we necessarily risk averaging out genuine variations. A more detailed climatological history is beyond the scope of this work, although any reader concerned by this method may be assuaged by the fact if we did restrict our estimation window to, e.g., 1989-1998, we would get (for the {wet, dry} season, respectively) a = {4.33, 2.41} mm, λ 0 = {0.221, 0.0778} d 
